Walkability indices are used to characterize the relationship between health and place. Indices make assumptions that affect analysis of the built environment and resulting walkability scores. This study compares three walkability indices created by health researchers focusing on the methods, variables, and walkability scores resulting from differences in definitions and methods. This paper deconstructs the walkability algorithms utilized by each index and rebuilds them in Vancouver, Canada. We find that neighbourhoods in the northern core closer to the downtown area have similar walkability scores across all three indices, while the outer peripheral neighbourhoods with moderate to low walkability have more variation in walkability scores across indices. Most walkability variables -residential density, street connectivity, and land-use -lack a rationale for inclusion, often assumed by researchers. Walkability indices used in health research prove to be incongruent with each other and misrepresentative of actual human behavior. We explore the impact of variable selection and methodologies on indices in the interest of more rigorous health research.
Walkability indices are used to characterize the relationship between health and place. Indices make assumptions that affect analysis of the built environment and resulting walkability scores. This study compares three walkability indices created by health researchers focusing on the methods, variables, and walkability scores resulting from differences in definitions and methods. This paper deconstructs the walkability algorithms utilized by each index and rebuilds them in Vancouver, Canada. We find that neighbourhoods in the northern core closer to the downtown area have similar walkability scores across all three indices, while the outer peripheral neighbourhoods with moderate to low walkability have more variation in walkability scores across indices. Most walkability variables -residential density, street connectivity, and land-use -lack a rationale for inclusion, often assumed by researchers. Walkability indices used in health research prove to be incongruent with each other and misrepresentative of actual human behavior. We explore the impact of variable selection and methodologies on indices in the interest of more rigorous health research.
Background
A rapid growth in obesity and related diseases over the last few decades (Obesity and overweight, 2017) has led to investigation of the effects of the built environment on health among public health and urban planning researchers. Public health researchers have aimed to understand the relationship between the built environment and physical activity, as a mediator of health outcomes Charreire et al., 2012; Glicksman et al., 2013; Hirsch et al., 2014; Oliver et al., 2007; Schuurman et al., 2009; Smith et al., 2008) . Urban planners, meanwhile, have focused on the effects of design and configuration of the built environment in efforts to increase pedestrian flow and accessibility (Badland et al., 2013; Ellis et al., 2016; Ewing et al., 2006; Ewing and Handy, 2009; Frank et al., 2005; Lo, 2009; Owen et al., 2004; Özbil et al., 2015) . Studies on walkability have proliferated beyond the arena of public health research to exploring correlations with urban economic viability, and housing marketability (Clark et al., 2010; Gilderbloom et al., 2015; Kashef, 2011; Li et al., n.d.; Rogers et al., 2011; Sohn et al., 2012) .
In the last decade, researchers have noted various limitations of 'objective' walkability methodology. Some have pointed out the uncertainty in defining the most relevant or geographically representative neighbourhood of a pedestrian (Boone-Heinonen et al., 2010; Ding and Gebel, 2012; Moudon et al., 2006; Spielman et al., 2013) , showing the range of neighbourhood' definitions that can operate walkability indices. Those who have explored specific definitions of neighbourhood areas have asked at which spatial unit the built environment can most accurately represent the daily activity spaces and better explain physical activity levels, whether it be buffers (James et al., 2014; Oliver et al., 2007) or administrative boundaries (Berke et al., 2007; Diez Roux and Mair, 2010) . Other researchers have commented on the specific calculations of walkability variables and their risk of miscalculation or misuse (Hajna et al., 2014; Knight and Marshall, 2015; Song et al., 2013) , or the preconceived assumptions upon which walkability indices are built (Andrews et al., 2012; Yang et al., 2013) bringing attention to the subjectivity of researchers in objective walkability.
The use of Geographic Information Systems (GIS) in the creation of walkability indices warrants recognition of the design and language from which indices are derived. Definitions of walkability index variables and the term 'walkability' itself was initially differently classified by each discipline that created them. As indices have moved into other realms such as transportation and real estate, they have transcended disciplinary boundaries. Each discipline has created or replicated a 'composite index' that sums and weights variables that represent various aspects of the built environment that contribute to walkability. These composite indices were originally created after studies showed that singular variables that quantify the built environment are not as robust as indices (Frank et al., 2010; Eva Leslie et al., 2007) . These variables range from considering the mix of land-uses and multiplicity of routes to the spectrum of human perception of the built environment https://doi.org/10.1016/j.healthplace.2018.12.005and wayfinding behavior. Given the heterogeneity of variable choice for indices, it is likely that their selection has a bearing on walkability scores. The goal of this paper is to illustrate how variable choice and analysis methods influence walkability indices and make them difficult to compare.
What is walkability?
The term walkability and the variables that constitute indices are defined differently in different arenas (Lo, 2009; Moudon et al., 2006) . While current definitions of walkability all point to the conduciveness of the built environment to walking, they can be vague in their construction of who the pedestrian or walker is and their needs (Lo, 2009 ). Many researchers have distinguished between the kinds of physical activity that they are considering in their walkability research: walking for transport, or walking for leisure and/or recreation (Brownson et al., 2009) . These different needs for walking are represented in indices by way of variable weights: connectivity between work and home would be weighted higher in consideration of transport purposes, whereas, proximity to parks and trails would be weighted higher for leisure or recreational purposes. It is in these distinctions that we see that definitions of walkability are indeed important and reflect the selection and weighting of variables in walkability indices (Table 1) .
Although, the first composite walkability index was proposed in 1997 (Cervero and Kockelman, 1997) , almost a decade later Frank et al. (2005) proposed the first GIS-based composite walkability index that includes land use mix, connectivity, and residential density within a buffer around a residence. This definition of walkability describes it as a function: a product of all built environment attributes that act as predictors of health. In this way, walkability stands alone, separate from the built environment, but offers a health-oriented representation of it and other types of urban form that might predict physical activity. A function, by definition, can be understood as either a product of several factors, as in mathematics, or a purpose bound goal. When we define walkability as a function it becomes the product of different, and related, built environment factors that make the entirety walkable. This definition also reveals the underlying assumptions of the researcher regarding which factors could be considered important and purposeful in understanding the relationship between the built environment and health. Those factors that are not considered to be important are left out of the walkability algorithm. Thus, the utilization of this definition also indicates that the entirety of all the elements that constitute the built environment are not discerned as walkable by the researcher unless included in the algorithm. Definitions provided by Carr et al. (2011) and Coffee et al. (2013) can also be considered functional in this sense.
On the other hand, Leslie et al. propose an alternate definition of walkability as a characteristic of the built environment that supports the act of walking (Leslie et al., 2007, p. 113) . As a feature of the built environment, this definition of walkability represents a quality or characteristic of the built environment that acts as a predictor of health. In so defining walkability, it removes the concept from being used as an absolute representation of the built environment. A feature, by definition, is an essential quality or characteristic and cannot describe the entirety of the object being described, but only an aspect of it. This definition provides room for the researcher to explore all qualities of the built environment that could possibly serve as predictors of good health. These qualities are examined as such, only influential qualities, rather than as functional attributes of the built environment -for example, the definition provided by Duncan et al. (2014) . These essential, yet under-examined ontological distinctions inform the variables that are included in indices as illustrated in Table 1 , the methodology used to calculate the index score per area, as well as the ontology of interpretation utilized by walkability researchers to explain the resulting index scores. This conceptual distinction has informed the direction of the relationship between walkability and physical activity (Fig. 1) as either a mediator or a proxy (Forsyth, 2015) of the built environment since these indices cannot be proposed as absolute representations. As Fig. 1 indicates, the collection of attributes that are considered valuable built environment factors exist between the home and workplace of study participants in health research. These become the informative indicators of walkability in health research and are influenced by the definitions utilized by researchers. Whether walkability is a function (top graphic in Fig. 1 ) or a set of features (bottom graphic in Fig. 1 ), they provide a lens through which researchers can classify and measure the built environment.
Definitions create methods
Walkability indices were created to document the extent to which the built environment encourages physical activity for various demographics (Villanueva et al., 2014; Zhu and Lee, 2008) and health benefits (Sundquist et al., 2015) . Interdisciplinary exploration into walkability has led to a growth not only in the variety of walkability variables, but also in the definitions that are utilized to create methodologies. The way these variables are defined has an impact on the way they are measured. These potential biases become apparent when variable definitions are passed on from study to study without an understanding of the relevance of the variables to the question being asked Bowker and Star (2000) . In effect, different disciplinary understandings, or definitions, of an object result in different classifications of variables.
Transportation studies conceived of the built environment factors that contribute to walkability, namely, connectivity and proximity (Saelens et al., 2003) . Connectivity can be characterized by intersection density, block size, sidewalk continuity or completeness, access to public transportation, and gridded street pattern that allows for route directness (2003, p. 82) . Proximity can be characterized by residential density, retail floor area ratio, land-use mix, population density and Table 1 A short review of literature in health reveals definitions of walkability utilized in the mostly widely cited articles on measurements of walkability for health research.
Definition Variables
The ability of the urban form to impact travel and activity patterns of pedestrians (Frank et al., 2010) Intersection density, net residential density, retail floor area ratio, land-use mix "The extent to which characteristics of the built environment and land use may or may not be conducive to residents in the area walking for either leisure, exercise or recreation, to access services, or to travel to work" (Leslie et al., 2007, p. 113) Dwelling density, connectivity, land use accessibility and diversity of uses, net area retail "A neighbourhood's capacity to support lifestyle physical activity" (Carr, Dunsiger, and Marcus, 2011, p. 1144) Proximity to closest amenity in 13 categories: grocery stores, coffee shops, restaurants, bars, movie theatres, schools, parks, libraries, book stores, fitness centres, drug stores, hardware stores, clothing/music stores " [v] arious elements of the built environment…widely-viewed as 'walk supportive'" (Coffee et al., 2013, p. 163) Dwelling density, intersection density, land-use mix, net retail area Man-made elements of the environment that positively influence physical activity (Duncan et al., 2014) Intersection density, land-use mix, count of and proximity to recreational open space, residential density, traffic density, average speed limit, sidewalk completeness A. Shashank, N. Schuurman Health and Place 55 (2019) 145-154 access to parks and recreational facilities (2003, p. 81) . Where studies further differ is on their spatial scale, the limitations of their quantification of some variables, and their sub-variable choices, as we will explore later in this paper. Rather than study these variables individually for correlation to physical activity, Frank et al. proposed a collective assessment of the correlation of these variables to physical activity and other health issues (Frank et al., 2010, p. 925) . These variables have been used in some of the most widely cited indices and walkability studies, including the Physical Activity in Localities and Community Environments (PLACE) study based out of Australia (E Eva Leslie et al., 2007) , the International Physical Activity and Environment Network (IPEN) study analyzing 12 countries (Adams et al., 2014) , the Belgian Environment Physical Activity Scan (BEPAS) study (Van Dyck et al., 2010) , the Frank Walkability Index (Frank et al., 2010) , and the multiple contextualized walkability audits and indices created by city governments and planning or health advocates (Charreire et al., 2012; Dygryn et al., 2010; Millington et al., 2009; Reis et al., 2013; Yin, 2013) . To illustrate the cyclical process of how even the slightest differences in definitions are observable in different methods, which seep into different results, this study explores three indices using the City of Vancouver, Canada is the study area. We first deconstruct the indices to explore definitions, index variable definitions and ontologies, and the results that are produced by different walkability algorithms.
Methods
The City of Vancouver, Canada is an urban area that also contains built environment configurations that can be categorized as peri-urban, or even suburban on occasion. It is with this typological variation in mind that Vancouver was chosen as the study area. The 22 neighbourhoods that cover this partly urban, partly suburban City of Vancouver were utilized as the areal unit for this comparative study. Data for application of the indices was collected from the City's publicly available Open Data Catalogue (Vancouver, 2017) , municipal boundaries created by DMTI Spatial Inc (2012) , and public transit data from Translink's General Transit Feed Specification (GTFS) Data (Translink, 2017) .
Choice of indices
In order to illustrate variability in walkability measures, three indices were chosen to reflect the variety in methodology currently utilized in walkability literature: a walkability index by Frank et al., Frank et al. (2005) is widely used in various applications and uses; second, we sought to understand whether there were significant differences in ontology when using a permutation (2015) of Frank et al.'s (2005) walkability index; and, third, the moveability index by Buck et al. (2011) measures general potential for any kind of physical activity in a built environment. Indeed, each variable for these walkability indices were formulated for the study area context and the type of physical activity in mind. While these cannot be replicated in this paper's study area, the variation in methodology can still be observed by deconstructing indices and applying them to neighbourhood calculations of walkability. Table 2 shows this variety of ontological categories in greater detail. The definitions and selections of variables for each of the three indices also show different understandings of the same variable that consequently result in the final walkability equation. Furthermore, the use of different GIS digitizations of a variable can also result in different contributions towards the final walkability equation, as shown in Fig. 2 . The digitization and utilization of streets in measuring the street network can result in different variable scores for intersection density, or any other measurement of connectivity. These variable scores can subsequently result in divergent walkability scores for a given area as well as different interpretations of the walkability of that area.
Street connectivity
To create the appropriate street connectivity measure for the indices, data was required for each individual street leg and intersection for the City of Vancouver. Street network data was extracted from the 'Streets package' of the Open Data Catalogue. Intersections were manually calculated using the public streets dataset whereby the unsplit street centerlines allowed for the addition of data on the number of street legs meeting at each intersection. The manual calculation was done in order to avoid misinterpretations of the street network variable as illustrated in Fig. 2 . The kernel density estimation (KDE) utilized to reconstruct Buck et al.'s (2011 Buck et al.'s ( , p. 1193 ) moveability index was recreated using their specifications, that is, with a 2 m by 2 m cell size, and a bandwidth of 1 km. Resulting mean values of the kernel density maps were recorded for each neighbourhood area. The regular street network was substituted for a KDE of sidewalks since this data was not available, even though it has greater benefits over the regular street network for walkability analyses (Ellis et al., 2016) .
Residential density
The number of residential units was obtained from the 2006 census data, 'Census local area profiles 2006' (Vancouver, 2017) . The residential units for each neighbourhood were divided by either the residential area in acres, or the total neighbourhood area in square kilometers to obtain either the net residential density, or the gross residential density, respectively. Instead of calculating residential density as a separated measure, Buck et al. (2011) calculated residential density and land-use mix into a comprehensive measure of the level of urbanization in the spatial scale of their study. Furthermore, this density measure was replaceable by population density for calculations of the 'level of urbanization' measure used in the proposed moveability index (2011, pp. 1192-1193) . In our reconstruction of this measure in Vancouver, we used population density. The original 'destination density' measure includes sports facilities, public playgrounds, and parks or greenspaces; however, our reconstruction was only able to find reliable and complete data on public parks and greenspaces for our study area. For example, municipal fields and community centres that could be counted as either public playgrounds or sports facilities were few and far apart and data interoperability with this categorization was severely low.
Land-use mix
Three land-use mix index variations were recreated for this comparative analysis: a 3-category entropy score, a 6-category entropy score and a 5-category HHI score. The entropy score is a relative measure of land use types in an area where a higher entropy score indicates a higher land use mix (Song et al., 2013) . The HerfindahlHirschman Index scores the opposite of the entropy index with higher scores indicating lower land use mix. The HHI equation is as simple as the entropy score and measures land use mix symmetrically with attention to the number of land use types in an area and the size of each land use type in the area. The dataset used for this variable was obtained from the 'Zoning districts and labels' dataset from the Open Data Catalogue (Vancouver, 2017) along with explanations of all zoning labels . Of the three scores, the 5-category HHI score proved the most difficult to find compatibility with the available data. While commercial, residential and office land uses were moderately compatible due to overlap in subcategories, the category of 'entertainment or physical activity' was extracted from the parks dataset. One of the HHI categories -institutional or health care -was excluded from the HHI index calculation because of low data interoperability. Although the City of Vancouver has several institutional and health care facilities, these were not categorized as such, but rather included in a zoning category that can be zoned based on need. Fig. 3 shows the output of the three land-use calculations. Called 'level of urbanization': residential density, and land use mix (calculated using an entropy index of 6 categories: residential, commercial, industrial, agricultural, recreational, and miscellaneous) Equation W = (6* z-score LUM) +(z-score RD) + (z-score SC) W = (z-score LUM) + (z-score RD) + (1.5* zscore SC) M = 1/3(SC + DD + LU) Fig. 2 . The way streets are digitized and utilized in measuring the street network can result in different variable scores for intersection density, or any other measurement of the connectivity of the street network. These variable scores can result in divergent walkability scores for a given area as well as different interpretations of the walkability of that area.
Calculating the indices
The scores from the respective variables for each index were converted into z-scores, multiplied by their assigned weights, if any, and finally, added to equal the final score for each neighbourhood. Two of the three indices used a simple weighted additive index while the third used kernel density estimation and then zonal statistics to create average density scores for each neighbourhood. This provides a difference in not only construction of the indices but also the spatial analysis tools that are required to construct each final walkability score. The final scores are shown below in a quartile walkability classification that allows for comparison between indices (Fig. 4) . For each index, there were three spatial specifications, among others, that were normalized for their reconstruction as part of this comparative study. First, even though the spatial unit used in some indices was different -for example, square footage in Frank et al.'s (2005) walkability index, and square kilometers in the other two indices -the calculation of a z-score normalized these differences into a score that can be compared across indices. Second, although each index calculated their scores on a different spatial scale -i.e. Frank et al.'s (2005) index was calculated for individual locations, Sundquist et al.'s (2015) index for neighbourhood or administrative unit, and Buck et al.'s (2011) for neighbourhood or catchment area -all three indices were calculated for the 22 neighbourhood spatial units in Vancouver for this comparative study. Third, while the classification of the final walkability scores were different in all three studies -i.e. Frank et al. (2005) classified by quartiles, Sundquist et al. (2015) classified by deciles, and Buck et al. (2011) were classified as high or low -these classifications were compared using a quartile classification in Fig. 4. 
Results

Walkability variables
All three indices resulted in different walkability scores for each neighbourhood. This is most obvious for individual variable scores for each neighbourhood, as shown in Fig. 3 . The change in the number of categories used to measure the land-use mix entropy score for Frank et al. (2005) and Sundquist et al. (2015) have resulted in different scores for the same area; for example, West End, Downtown and Strathcona in the north and Killarney in the south-east neighbourhoods (neighbourhoods 3, 14, 15, and 20 in Fig. 3 ). This differentiation in classification is also noted for the methods to calculate residential density, where Buck et al. (2011) add residential density to land use mix to calculate their categorization of the walkability variable, 'level of urbanization'. Furthermore, because of their utilization of the HHI score, the resulting land-use mix score is greatly different from the other two indices. Take for example, Downtown, Mount Pleasant or Shaughnessy in the north and central neighbourhoods (neighbourhoods 1, 3 and 11 in Fig. 3) . Table 3 presents the descriptive statistics for each of the three variables for each index. Since the final walkability scores were all normalized by z-scores, the mean was always 0, but the standard deviations varied. The normalized walkability scores varied for neighbourhoods, but the non-normalized mean variable scores, listed in Table 3 below, varied as well. The different methodologies are also most obvious in the unit of measurement across variables -for example, residential density was measured by the number of houses per residential acre, houses per square kilometer, and residents per square kilometer. Of note as well is the weighting scheme utilized for the three Fig. 3 . The first two entropy scores on the top report a lower entropy score (−2.02 to −0.89) for neighbourhoods with lower land-use mix. The HHI score on the bottom left reports a lower HHI score (1.23-2.52) for neighbourhoods with higher land-use mix. Visually, they are similar in understanding the northern-central neighbourhoods (numbers 1, 12, 14, and 20) to have a higher land-use mix, however some disagreements are apparent for neighbourhoods showing lower land-use mix scores (eg. numbers 9, 11, and 15).
indices. While Buck et al. (2011) have utilized equal weighting for the three variable categories, Sundquist et al. (2015) weigh the street connectivity variable 1.5 times more than the others, and Frank et al. (2005) weigh land-use mix 6 times more than the others.
Walkability Indices
Two of the three indices presented in Fig. 4 are in accord that the north-central neighbourhoods around the Vancouver Downtown Core (neighbourhoods 1, 3, 12, 14 and 21) are more walkable than the outer, peripheral neighbourhoods. The south-western neighbourhoods -West Point Grey, Dunbar-Southlands, Kerrisdale (neighbourhoods 5, 6, and 8) -receive the lowest walkability scores across all three walkability indices. The slightest difference in walkability can be observed even in moderately walkable neighbourhoods as they shift between the second and third quartiles of walkability. The difference in score frequency classification used by each of the walkability indices is stark in some neighbourhoods -for example, Strathcona, Sunset, and Victoria-Fraserview (neighbourhoods 0, 18 and 20) all show either extremely high or extremely low scores when classified in quartiles (Fig. 4) . The polar dualisms or extremely minute details of neighbourhood walkability can be understood on a more digestible spectrum of low, moderately low, moderately high or high walkability. These classifications are meant to show trends of whether a neighbourhood is in dire need of attention or can be more easily assisted in boosting walkability.
Discussion
We have demonstrated that variable choice and analysis methods impact walkability scores. We argue that this can in turn influence Fig. 4 . Walkability scores classified according to quartiles for a simpler comparison of results. Here, the polar dualisms or extremely minute details of neighbourhood walkability can be understood on a more digestible spectrum of low, moderately low, moderately high or high walkability. These classifications can also show trends of whether a neighbourhood is in dire need of attention or can be more easily assisted in boosting walkability. As observed when the results were classified in their original categories, Frank et al. (2005) and Sundquist et al. (2015) walkability scores are in agreement with each other more than with Buck et al. (2011) in this instance.
Table 3
Variable and final walkability score mean and standard deviation comparisons showing not only differences in resulting calculations, but also differences in units used in these calculations. . Shashank, N. Schuurman Health and Place 55 (2019) 145-154 health research and policy decisions (Andrews et al., 2012; Ellis et al., 2016; Koohsari et al., 2016; Talen and Koschinsky, 2013) . Aggravating this problem is the tendency of index creators to obscure, often unknowingly, their algorithmic processes making it difficult for subsequent researchers and health policy analysts to understand ways in which the process of creating the index can influence the scores. This problem is commonly referred to as the black box (Cloud, 2001) . In other words, not only are walkability scores inaccurate reflections of the neighbourhoods they describe but they also incorporate hidden variable and algorithmic biases (Cloud, 2001) . In our analysis, we note exactly how we have extracted data from open datasets in order to match the data to the variables required. We have made notes on data interoperability issues that were encountered throughout the process. We also note any variables that had to be excluded from the analysis due to such interoperability issues. These steps, as noted in the Methods section of this paper, are all contributions toward opening the black box and exposing the data cleaning, data interoperability, and variable analyses that were conducted to create each index. Indeed, walkability variable databases are then forced into black boxes that conceal contextual information from researchers by making the foundation of these indices and their supporting variables implicit. Instead of explicitly stating assumptions at the semantic level of the variable data, it is stated at the disciplinary level of the researcher (Andrews et al., 2012) , thereby offering an avenue of tacit knowledge sharing (Collins, 2001) . However, this level of tacit knowledge is ineffective in disseminating contextual information about the data and remains black boxed within disciplinary-specific ontologies. Understanding the foundations of walkability and its GIS application supports the implicit to be made explicit. For example, to make permutations of any walkability model relevant rather than fitted, implicit assumptions within the data must be made explicit.
Each of the three indices was deconstructed to explore the selection of variables and their subsequent methodologies for inclusion in the final walkability equation. Of note in the equation utilized by Frank et al. (2005) is the choice of net residential density, rather than gross residential density, which measures residential units only on residentially zoned land rather than dispersion over the entire neighbourhood. This affects the final residential density score by only accounting for the specific land-use designation of the land area rather than the entire land area (Schuurman and Leszczynski, 2006) . Where Frank et al. (2005) accounted for all intersections in their intersection density variable, Sundquist et al. (2015) only account for those intersections with 3 or more legs, thereby only considering streets that are most connected to other streets. If this distinction is not made, then T-junctions or deadends that do not necessarily represent high connectivity can get included in the calculation, thus skewing the resulting interpretations that could be made of either. Furthermore, the Herfindahl-Hirschman Index (HHI) included in Sundquist et al.'s (2015) equation accounts for 5 rather than 3 categories of land-use mix. Land use mix calculations are often plagued by modifiable areal unit problem (MAUP), and while entropy and HHI scores can be interchangeable, entropy scores are recommended for a higher scale of land-use variation observed in the spatial unit (Song et al., 2013) . This alone can account for the difference in walkability scores for the northern core neighbourhoods surrounding the Downtown area between Frank et al. (2005) and Sundquist et al. (2015) since these neighbourhoods have a larger variety of land uses (compare northern neighbourhoods 1, 3, 12, 14, 20 to outer neighbourhoods of top left and bottom left maps in Fig. 3 ). This is then further highlighted because the Frank et al. (2005) equation weights land use mix six times more than Sundquist et al. (2015) . Even though the two land use mix calculations are interchangeable, the substantive difference between the two lies in the choice of land use mix categories and the way they are each defined. Accounting for a mix of 5 rather than 3 categories, like Sundquist et al. (2015) have done, can result in a different land use mix score, and may lead to a different interpretation of the variety of land uses in an area.
Studies have argued that most American walkability indices have the luxury of relying on high quality or relevant data that is often difficult to come across in relatively resource-constrained countries (Charreire et al., 2012; Hanibuchi et al., 2011) . Further, they also rely on constructs of the built environment that are particular to an American style of urban planning and living (Reis et al., 2013) . These specificities in data production -and, consequently, availability -seep into the variable selection utilized by researchers. The availability of good quality data is a problem in any quantitative spatial analysis, and data interoperability creates difficulties in aligning the purpose of the study with the data available. This is often ameliorated by changing the definitions of the variables measured and creating an ontology that is usually left theoretically unexplored. These changes in ontology should not be left unexamined in walkability studies, for they risk misunderstanding the relationship between humans and their daily experience of the built environment. For example, street connectivity has been measured using intersection density, block size, sidewalk continuity or length, access to public transit or route directness (Ellis et al., 2016) . In this study, we found that measuring connectivity using the street network can prove difficult because of how the data creator defines a regular two-way street -either using a line for each direction or drawing on the median.
The moveability index created by Buck et al. (2011) challenged the limitations of simple density measures by exploring measurement of the built environment using kernel density estimation. While the first two indices used simple GIS methods, Buck et al.'s (2011) moveability index explored how GIS can address limitations of measuring the properties and variables within fixed spatial scales that are not representative of human spatial behavior. This was possible through the use of kernel density estimation which allows for rasterized spatial analysis rather than discretized vector spatial analysis. This also explains why the walkability scores from the index by Buck et al. (2011) awards high scores to highly urbanized core areas -such as neighbourhoods 1, 3, 12, 14, 20 -and lower scores to less urbanized outer areas -such as neighbourhoods 0, 5, 6, 9, 15 (bottom map in Fig. 4) . Definitions of the spatial units themselves are prone to non-interoperability issues, for example, definitions of a 'neighbourhood' (Moudon et al., 2006; Spielman et al., 2013) , and can be observed in synthetically modeled built environments as well (Orenstein et al., 2014) . This methodology also addresses the uncertain geographic context problem (UGCoP) that can often mask the environmental and social contexts of human spatial behavior (Kwan, 2012) . The moveability index by Buck et al. (2011) is able to push the standards of spatial analysis in walkability by showing how more intensive spatial analysis tools can prove beneficial for walkability analysis of not only demarcated spatial units (vector data) but also open, non-delineated areas (raster data). Furthermore, calculations of the intersection density equations used by Frank and Sundquist in Table 2 could be greatly affected by the size of the neighbourhood. Smaller neighbourhoods such as 13 and 14 would naturally show higher values of intersection density if calculated in this manner. Yet, streets are not discrete elements of the built environment that end at the edge of a neighbourhood and begin again in another; they are continuous elements of the built environment.
No two cities are the same, yet the variables used to understand the walkability of a built environment are often similar. While walkability indices provide a framework for comparisons between cities -used successfully across cities internationally (Adams et al., 2014) -the contextual nuances of each city must also be attended to. Although these studies also provide replicability analyses, they fail to account for this UGCoP so typical in most applications of geographical information systems (Long and Robertson, 2018; Robertson and Feick, 2018) . For example, pedestrians are not just limited to using sidewalks, but also trails and paths that cut across parks and greenspaces, measures of connectivity that are not measured in walkability indices. In fact, even multivariate analyses utilized widely in walkability studies may not be able to avoid MAUP at all (Fotheringham and Wong, 1991) since the majority of walkability data is aggregated.
Some studies have shown that measuring sidewalk width and slope instead of directly measuring street connectivity might address wider concerns about walkability (Forsyth et al., 2008) . While some indices have utilized sidewalk data (Chin et al., 2008; Tal and Handy, 2012) , these are usually not easily obtained from municipal open data catalogues and must either be manually drawn, siphoned from Google Maps or Open Street Maps, or requested from the municipal government. Therefore, reapplication of an index in another city might prove difficult and sidewalk data is often replaced by street network data to measure connectivity. This is not always the most reliable because it does not truly represent availability of sidewalks in neighbourhoods, a data interoperability issue that can be further explored.
Over the last several years numerous comparative studies on methodologies used to measure individual variables of the built environment have emerged. Some of these comparative studies consider the methodological nuances of land-use measures (Christian et al., 2011; Hajna et al., 2014) , including measures not used in this comparative study (Song et al., 2013) , and connectivity (Knight and Marshall, 2015; Ozbil et al., 2011; Peponis et al., 2008) . These studies have also proposed variations and urged future research to be more cognizant of the methodological quirks that hold the potential to distort results.
Furthermore, several protocols to guide GIS researchers have also been developed to standardize and provide methods of documenting definitions and calculations for walkability variables and their indices (Adams et al., 2012; Forsyth et al., 2006) . One such protocol provides detailed calculations and operational definitions for each variable used in their peer-reviewed research articles (Adams et al., 2012) . These steps are important contributions to understanding the affordances of the built environment and their quantification -though they remain under utilized. This is an important reminder that walkability, as an inter-disciplinary concept, is not dead. In fact, as a boundary object that is constantly in flux due to changing understandings of the built environment, walkability studies require deeper clarification and statement of the purpose of variables used. These studies (Buck et al., 2011; Sundquist et al., 2015) can be seen as the second or third generations of the original walkability studies (Frank et al., 2005) . As more and better quantitative data on the built environment becomes available, walkability studies hold great potential to study the relationship between the environment humans live in and their relationship with each other.
Assumptions in walkability studies and addressing them
In this study, we draw attention to assumptions that underlie walkability indices. The assumptions apply at the level of the whole index, the individual variables within the index, and the weighting of the index as well. The first assumption, and most important one, is that walkability assumes an ontological homogeneity. In other words, the way walkability is defined and measured is the same for various contexts. And, indeed, that the measure is suitable for those contexts. For example, the same calculation can be used for assessing potential obesity as well as real estate marketability (Walk Score). In the case of Walk Score, the algorithm uses proximity measures to various amenities which would increase marketability of real estate locations, some of which might hold the potential to increase chances of obesity, such as fast food restaurants. This assumption is made when the definition of walkability upon which the walkability index in use is left unexamined and unquestioned in reproductions. The second assumption, and which follows from the first, is that the ontology of each variable included in the walkability index is consistent. Even the same variable used in a fairly homogenous area such as communities within Greater Metro Vancouver define and populate the same variable differently. For example, Frank et al. (2005) defined street connectivity as intersections per kilometer, whereas Sundquist et al. (2015) defined street connectivity as intersections with three or more legs per kilometer. This slight variation in variable fields holds the potential to skew further aggregate measures that build on this variable. In other words, the classification of the variable is assumed to be standardized -independent of environmental or socio-economic context upon which they are built (Bowker and Star, 2000) .
This comparative study found several inconsistencies and difficulties in measuring land-use mix using simple zoning districts. Although zoning districts are often used instead of land-use designations, these could be representative of the current land-use of a location or represent what the location has been zoned for. As noted earlier, the landuse designation of 'CD-1' was often used for locations with specific zoning needs and these designations are widespread across Vancouver . These ontological differences have been explored in greater detail elsewhere (Oliver et al., 2011; Schuurman and Leszczynski, 2006) , and we agree that greater exploration of metadata that provides context to these categorizations of land use and their purpose would bring greater clarity to walkability studies heavily reliant on land-use mix as a variable. Minute differences in definitions of variables and their subsequent methods result in different walkability scores, as is made apparent in this comparative study (refer to Fig. 2 ). Including and/or excluding variables can result in a walkability score that can neglect the context or composition of an area. For example, using street connectivity as measured by intersections with 3 or more legs per km 2 compared to measuring all intersections per km 2 can notably alter the final walkability score (compare Frank et al. to Sundquist et al. in Table 2 and Table 3 ). Assumptions one and two -ontological homogeneity and ontological consistency -are used to give the impression that walkability indices are representative and reproducible. But, what our study demonstrates is that this is an impossible feat. Despite the persistent incongruities among indices that simplify our various aspects of life, we, as a society, continue to use and compare them. Even the most scientifically rigorous of data gathering devices, such as air quality monitoring stations, can measure different aspects of the same element that render their data incomparable (Schuurman, 2005) . So it is for indices as well. Incomparable, but of great use to society, indices are proof that there is a deep cultural acceptance of models. Therefore, it makes more sense to acknowledge discrepancies in weighting, variable selection and classification can be altered to better suit the local socio-political and environmental context. Hajna et al. (2017) highlight the importance of ontology and we are taking her work a step further by including the importance of the walkability index itself and the context within which it exists.
We found that definitions and methods utilized in walkability indices were not explicated with sufficient detail. In other words, the assumptions contained in the indices should be made transparent. At the present, algorithmic calculations used in walkability indices are black boxes. This research has revealed the methodological steps used to calculate three common indices and, in the process, illustrated that the results are fundamentally incongruent due to differences in definitions that have trickled through to the final walkability scores. This points to the need for more research combined with greater skepticism about the voracity of walkability indices. However, we open the door for local indices to be developed that better represent the study context.
Conclusion
This study investigated how walkability has been defined across several disciplines seeking to understand the built environment and its effect on health and human spatial behavior. We explore three indices that have been developed and modified for further use in walkability research. We chose the three indices based on their relevancy and importance in current health research. They utilize definitions that are representative of walkability research in health and we discuss the implications of utilizing spatial units in place-based research. We then examine how these definitions have shaped the methods used to calculate walkability in cities. Not only do differences in definitions shape methods, differences in methods also create different walkability scores. Lastly, we propose uncovering implicit assumptions that hinder interpretation and methodological clarity in walkability indices and propose ways to address these assumptions.
We explored this variation in walkability scores in 22 neighbourhoods in the City of Vancouver, Canada using three distinct indices. While most indices reported a similar trend in walkability scores for many neighbourhoods, there were stark differences in scores in some areas. However, differences were observed even in those neighbourhoods with moderate walkability. Most importantly, although the three methodologies examined in this study were replicated from their original study area and study purpose, they still utilize widely accepted measures of residential density, land-use mix and street connectivity. Our purpose in replicating them was to observe how slight variations can result in significant differences in walkability scores. This ontological variation in walkability studies should be further explored for individual variables and be accounted for in future interpretation. This discovery and demonstration of differences in methodology and results associated with three leading walkability indices is an important first step in appreciating that indices are not the truth about the built environment, but reflections of priorities held by the researchers who develop them. We contribute to this conversation by showing that walkability indices cannot be replicated wholesale across different contexts. Rather, we open the possibility for researchers to create more localized walkability indices that reflect their specific context.
